Abstract -Using a nonparametric bounding method and data from the Panel Study of Income Dynamics, I examine the effect that growing up in a household that receives Aid to Families with Dependent Children (AFDC) has on welfare participation as a young adult. In light of the ambiguities created by the selection problem, a number of alternative assumptions and estimates are presented. While the data alone cannot be conclusive, the results generally strengthen the evidence that being exposed to AFDC as a child increases both the probability and the expected duration of future welfare participation.
I. Introduction
F OR more than a century, scholars and political leaders in the United States have argued that charity and public aid causes a culture of dependency that is transmitted across generations (Katz, 1986) . In 1888, for instance, the founder of the Indianapolis Charity Organization Society, Oscar McCulloch, professed that growing up in a household that received public welfare creates an ''irresistible tendency'' towards pauperism. Richard Dugdale's (1877) landmark study of the Jukes family in New York drew similar conclusions. Over a century later, President George Bush voiced related concerns when he suggested that welfare is ''passed from generation to generation like a legacy '' (1992) .
Recently, researchers have found empirical evidence that supports this rhetoric. Growing up in a household that receives Aid to Families with Dependent Children (AFDC) appears to increase the probability that a child will receive AFDC as an adult. These findings have disturbing implications: apparently, participation in welfare today induces participation by future generations.
Given current efforts to reform the welfare system by both state and federal governments, these studies are particularly relevant. However, despite the existing literature, the intergenerational effects of growing up in an AFDC household remain uncertain. Although receiving AFDC today may induce future generations to participate, unobserved factors may also exist that jointly influence whether parents and children receive welfare. For instance, parents' humancapital characteristics, attitudes towards work and family, addictions, and emotional well-being may all affect both the parents' and child's propensity to receive AFDC. Thus, any observed relationships between the welfare participation behavior of parents and children could be spurious. A selection problem results from the fact that the data alone cannot reveal how a child growing up in an AFDC household would have behaved if the child were to have grown up in a non-AFDC household.
Using intergenerational data from the Panel Study of Income Dynamics, I reassess the effect that growing up in an AFDC household has on future welfare participation. Focusing primarily on black daughters who grew up in singleparent households, two contributions are made to the existing literature. First, this study investigates the intergenerational effects in light of the uncertainties created by the selection problem; second, by observing the behavior of parents and their daughters for multiple years, this study explores how the daughters' time spent receiving AFDC varies with the length of time that parents received welfare.
Although the distinction between participation and length of participation has not been entirely ignored in the literature, 1 researchers have focused on the effects that growing up in a household that received any AFDC has on the probability of future welfare participation. The length of receipt, however, has important policy implications. Clearly, political and academic attention focuses on dependence rather than occasional participation. Furthermore, the design of counteracting reforms may benefit from this distinction. As Antel (1992) suggests, ''If only long-term exposure implies intergenerational transfer, then any counteracting policy need only be directed at young women from chronic welfare homes' ' (p. 473) .
Thus, to better understand the intergenerational dynamics, I use five-year observation windows on both parents and daughters to examine the effects that growing up in a household that received AFDC for a specified duration during the early teenage years has on the length of receipt as a young adult. Even focusing on five-year intervals, however, does not allow one to draw inferences about lifetime relationships. Most AFDC spells last less than two years, and incomplete welfare histories may produce inconsistent estimates of lifetime intergenerational relationships (Gottschalk, 1992; Wolfe, Haveman, Ginther, & An, 1996) . It seems likely, for instance, that the intergenerational effects differ by when the daughter was exposed to parental receipt: infants and teenagers may be affected differently.
After the data are described in section II, section III formally defines the empirical questions and describes the selection problem. Then, sections IV through VI provide alternative estimates of the effect of growing up in a household that received AFDC on the distribution of time that a daughter receives aid. Each set of estimates relies on different a priori assumptions to address the selection problem.
Using a conventional parametric model coupled with the exogenous selection assumption that unobserved factors affecting parents and children are unrelated, section IV presents estimates that are consistent with the past literature: growing up in a household that receives any AFDC increases the expected duration of receipt. These point estimates, however, rely on strong and questionable assumptions.
In contrast, sections V and VI apply a nonparametric bounding method developed by Manski (1995) to examine what can be learned under weaker assumptions. Section V reveals that, in the absence of prior information about the selection problem, the data reveal little about the intergenerational effects of growing up in a household that received AFDC for a specified duration. Rather than taking the extreme positions of either making no assumptions (section V) or making the strong assumptions necessary for identification (section IV), section VI explores a middle ground. Here, four sets of predictions are made using assumptions motivated by economic theory or empirical convention.
Section VI begins by assuming that being exposed to AFDC as a teenager never decreases the time that a daughter receives AFDC as a young adult. Although this assumption does not generally enable identification, useful nonparametric bounds are derived. These estimated bounds not only rule out extreme contentions, but also reduce the range of possible values of the intergenerational effects by as much as 75%.
The identifying power of the traditional instrumental variable or exclusion restriction assumption is then explored. In particular, I assume that the local unemployment rate faced by parents is not related to the length of time that a daughter receives AFDC as an adult, but does affect the duration of her parents' receipt. Once again, I find that invoking this assumption is useful but that it does not necessarily enable identification. In fact, the estimates derived using this assumption do not even determine the sign of the effects. Still, under this relatively weak instrumental-variable assumption, the results suggest that, for some cohorts, the effects of being exposed to AFDC as a teenager on the length of receipt as a young adult are either negligible or substantially positive.
The final two sets of estimates identify the sign of the treatment effect. The first set of estimates rely on both the instrumental-variable assumption and the assumption that growing up in an AFDC household never decreases the time a daughter receives AFDC as a young adult, while the second set utilize an exogenous selection assumption. These estimates not only confirm the previous findings that growing up in an AFDC household increases the probability of future receipt, but they also suggest that being exposed to AFDC as a child increases the likelihood of becoming a chronic recipient.
Section VII compares the various estimates and finds several inconsistencies. In particular, the point estimates derived under the exogenous selection assumption fall outside the range of a number of the alternatives. Despite these discrepancies, the qualitative conclusions remain. Section VIII concludes by noting that, despite the ambiguity created by the selection problem, all of the alternative estimates presented in this paper are consistent with the inference that growing up in a household that receives AFDC increases the length of time a daughter will receive aid as an adult.
II. Data: The Panel Study of Income Dynamics
The primary data source used in this analysis is the 1989 Panel Study of Income Dynamics (PSID). In 1968, this longitudinal survey began interviewing a national sample of nearly 4,800 households that overrepresented the nonelderly, low-income minority population. Each year since, the heads of these 4,800 families and any other families formed by members or descendants of the original 1968 sample (split-off families) have been surveyed. Thus, the 1989 survey, which includes nearly 7,000 families and 27,000 individuals, contains socioeconomic data on young women and their families of origin (Morgan et al., 1992) .
In the sample used for this analysis, I include 1,205 PSID daughters who were between 24 and 33 in 1989, and for whom information exists from 1984 through 1988 and ages 12 to 16. 2 Notice that for each respondent there are two five-year observation windows: one during the early teenage years, and one during the mid-1980s when these daughters were in their twenties and early thirties. Thus, these data can be used to draw inferences about the effects of being exposed to AFDC as a teenager on the duration of receipt as a young adult.
Nearly 1,300 observations are excluded due to attrition or nonresponse. In this analysis, I maintain the assumption that attrition is exogenous, or unrelated to the welfare participation behavior of parents and their children. There is some empirical support for this assumption. Specifically, Fitzgerald, Gottschalk, and Moffitt (1998) find that, after accounting for observed factors, attrition in the PSID does not appear to affect estimated intergenerational welfare participation relationships. 3 If, however, unobserved factors jointly affect both attrition and intergenerational welfare participation, then these data may provide inconsistent estimates of the population relationships of interest.
Each observation contains information on the time that the respondent and the respondent's family of origin received AFDC. For the PSID, households are asked about the types and amounts of government assistance that they received during the prior year. From 1967 to 1982, AFDC receipt was measured on an annual basis, and, from 1983 onward, the annual survey began asking households to report information on a monthly basis. Thus, while the daughter's participation information is measured monthly, parental receipt is measured annually.
Although the monthly measures are likely to provide more information on the intensity of participation over time, an important caveat must be considered when using the monthly as opposed to annual participation indicators. Because the monthly measurement period differs from the annual survey period, a disproportionate number of monthly transitions are observed at the seams of the survey period (Hill, 1992) . To the extent that these monthly data tend to be inappropriately reported in yearly increments, the outcome variable merely measures the years of participation rather than the intensity of participation during the five-year observation period.
The months that a respondent received AFDC are measured during the five-year period from 1984 through 1988. For more than 80% of the observations in the sample, this information is directly recorded. If a respondent is a head of household or a spouse in year t (that is, a split-off daughter), then the PSID reports the number of months she received AFDC in year t Ϫ 1.
However, for daughters living with their parents (a non-split-off daughter) and receiving more than one source of transfer income, the panel does not provide disaggregated details about the types or amounts of aid. Of the 1,205 respondents, 266, or 22%, lived with their families of origin for at least one of the five observed years. In particular, 101 daughters lived with their families for all five years, 23 for four years, 36 for three years, 52 for two years, and 54 for one year. Thus, approximately 14% of the monthly welfare receipt information for the 1,205 respondents is imputed.
Consistent with previous studies, I impute the time a non-split-off daughter receives AFDC using a number of variables in the PSID (An, Haveman, & Wolfe, 1993; Haveman & Wolfe, 1994; Pepper, 1995) . 4 A non-split-off daughter is first classified as receiving AFDC in year t if she has a child, has taxable income below the poverty line, and is recorded as either having received AFDC income only or multiple sources of transfer income. Then, the number of months that she received AFDC is imputed. In particular, the average number of months (conditional on the number of years) that split-off daughters received AFDC is used to predict the number of months that non-split-off daughters participated. So, for example, split-off daughters that received aid in one year spent an average of seven months receiving AFDC. Thus, if a non-split-off daughter received AFDC for one of the five observed years, she is assumed to have spent seven months on AFDC. Alternatively, if a non-split-off daughter received AFDC for two, three, four or five years, she is assumed to have spent, respectively, 9, 10, 10.5, or 11.5 months per year receiving aid.
The years that each respondent's family received AFDC are measured over the five-year period when the daughter was aged twelve to sixteen. This annual measure may overstate the time a respondent was ''exposed'' to the welfare system (Blank, 1989) . For example, a family that received AFDC for one month each year while the respondent was between twelve and sixteen is recorded as receiving aid for five years, while a family that received AFDC for five months in a single year is recorded as receiving aid for one year. The monthly data from split-off daughters, however, suggest that individuals who receive AFDC for many years also receive AFDC for many months per year.
In addition to measuring the time that a family received AFDC, the sample contains measures of the five-yearaverage annual family income and whether the daughter lived with a single parent during any of the five observed years. The family-income variable, which is inflated using the CPI to reflect 1988 prices, measures all forms of earned and unearned income. Variables also measure the number of children in the household when the respondent was fourteen, and the race of the respondent, which I code as 1 if the respondent is black and 0 if white. Other races are excluded from the sample, as they are not well represented in the PSID. 5 Finally, to account for labor market conditions faced by the parents, the sample includes a measure of the local unemployment rate when the daughter was twelve, which I aggregate into five mutually exclusive and exhaustive categories ranging from less than 2% to greater than 10%.
The empirical distribution in the sample by selected covariates is presented in table 1. In total, 286 (24%) of the respondents grew up in households that received AFDC, with the majority being black daughters who grew up in single-parent households. Because AFDC is primarily intended for and used by single-parent households, a relatively small fraction of respondents grew up in intact (married) estimates resulting from attrition are neither substantial nor statistically different than zero at the 10%-significance level. Without weights, they again find that the estimated bias due to attrition is inconsequential, although in certain cases statistically different than zero. In this analysis, I do not use the PSID weights to adjust the estimates for attrition. 4 An alternative method circumvents the issue by focusing on children who have established their own households. (See, for example, McLanahan (1988) .) This approach has the obvious shortcoming of excluding the potentially important group of young mothers who live with their parents. The primary conclusions of this paper are not sensitive to the method used to measure the AFDC status of daughters.
households that received AFDC. Furthermore, because the PSID overrepresents the low-income minority population, a relatively large fraction of the black daughters in the sample grew up in AFDC households. Of the 310 black daughters who grew up in single-parent households, 201 (65%) received some AFDC between the ages of twelve to sixteen. In contrast, only 19 (20%) of the white daughters' families in the same cohort received AFDC. 6 For those cohorts where the sample contains small numbers of respondents who grew up in AFDC households, only limited inferences can be made about intergenerational welfare behavior. In particular, the estimated intergenerational effects are either imprecise or require strong parametric assumptions. Thus, the remaining discussion focuses primarily on the 310 black respondents who grew up in single-parent households. The one exception is in section IV, which uses all 1,205 observations to estimate a parametric model. In this model, as in much of the literature, both race and family structure are accounted for using single indicator variables. With these data, models with interactions between race, family structure, and welfare participation cannot be precisely estimated.
III. The Empirical Questions and the Selection Problem
Studies examining the intergenerational transmission of welfare receipt may draw distorted conclusions due to the selection problem. This identification problem results from the fact that one cannot observe what the welfare status of AFDC daughters would be if they had grown up in non-AFDC households. Likewise, we cannot observe the participation status of a non-AFDC daughter if she were to have been an AFDC daughter. Without imposing prior and unverifiable assumptions, the effect of growing up in a welfare household cannot be identified.
To formally address the selection problem, I begin by distinguishing among several welfare participation variables. In particular, Y(t) is the outcome (the number of months on AFDC) of a daughter who grew up in an household that received AFDC during t years. In this analysis, I evaluate Y(t) at t equal to zero years, one to two years, three to four years, and five years. Thus, each observation includes four outcome variables: (3) (4) , and Y(5).
The purpose of this study is to compare the distribution of Y(t) across different values of t, given observed covariates X. Here, covariates are merely used to define subpopulations of interest, not to control for spurious effects. 7 It is important to recognize that this use of covariates to define subpopulations of interest differs from the conventional use of covariates to account for nonrandom treatment assignment (Manski & Nagin, 1998) . Observed covariates are typically motivated as a means of controlling for the unobserved factors associated with a parent's decision to receive welfare. In that framework, researchers attempt to ''correctly'' choose a set of covariates or ''control variables'' such that the exogenous selection assumption applies. If certain variables are omitted, the estimated intergenerational effects will be biased. Inevitably, however, these analyses are controversial with much debate about whether or not the researcher omitted ''important'' explanatory variables. After all, the data cannot resolve the selection problem.
In contrast, I am interested in predicting the intergenerational effects of growing up in an AFDC household for different subpopulations. This problem is well defined regardless of how the subpopulations are specified. In this framework, there is no correct set of control variables. I focus on black daughters who grew up in low-income, single-parent households of varying sizes. For each of these subpopulations, this paper examines the implications of a number of alternative assumptions for identifying the intergenerational effects of growing up in a household that received welfare.
Traditionally, the effect of growing up in a household that received AFDC for tЈ as opposed to t periods is defined as the difference in the respective conditional means. That is,
6 Comparable estimates from the U.S. Bureau of the Census (1990) suggest that, in 1990, approximately 46% of black children aged six to seventeen residing in single-parent households received means-tested cash assistance (such as AFDC), while the analogous figure for white children is 26%. In 1977, 37% of black and 13% of white single-parent households received public assistance (U.S. Bureau of the Census, 1978). 7 See Gottshalk (1996) for a discussion of spurious relationships in intergenerational welfare participation analyses. See Manski and Nagin (1998) for a general discussion on the use of covariates. Note: AFDC indicates that the family received some AFDC when the daughter was aged twelve to sixteen. Single indicates that the daughter lived with a single parent during at least one of the five observed years.
Married indicates that the daughter lived in an intact family all five years.
THE INTERGENERATIONAL TRANSMISSION OF WELFARE RECEIPT
However, to the extent that one is interested in welfare dependence or long-term receipt, this measure is inadequate. Suppose that the treatment effect defined in equation (1) is positive for all values of tЈ greater than t. Hence, the expected time a daughter receives AFDC from 1984 to 1988 increases with the length of time that her family received aid. This finding has many possible explanations. It may be that growing up in an AFDC household increases the probability of participation, but decreases the probability of participating for long periods. Alternatively, growing up in an AFDC household may have a negative effect on the probability of participation, but a positive effect on the probability of receiving AFDC for many years.
To better understand the dynamics of this intergenerational process, other features of the distribution of Y(t) should be examined. Ideally, the entire distribution of outcomes would be identified for each value of t. However, because in the absence of strong assumptions there does not generally exist a comprehensive method of summarizing the conditional distribution of Y(t), my analysis focuses on three measures. I examine the expected duration of receipt (equation (1)), the probability of receiving any AFDC (that is, P[Y(t) Ͼ 00X]), and the probability of receiving AFDC for more than two years (that is, P[Y(t) Ͼ 24 months0X]). Showing both a central tendency and the tails of the distribution, these three measures better characterize the intergenerational effects of growing up in a household that received AFDC.
To compare these other features of the distribution of Y(t) across different values of t, equation (1) can be modified to read
or,
T 2 (tЈ, t0X) in equation (2) measures the effect of growing up in a household that received AFDC for tЈ as opposed to t periods on the probability of receiving AFDC, while T 3 (tЈ, t0X) in equation (3) measures the effect on the probability of receiving AFDC for over two years. Notice that the probabilities in equation (2) and (3) must lie between [0, 1] . Thus, the effect of growing up in an AFDC household for tЈ versus t years on the probability of receiving AFDC for more than 0 or 24 months must fall in the range of [Ϫ1, 1]. Likewise, because Y(t) lies between [0, 60] months, the effect on the expected duration of receipt (that is, T 1 (tЈ, t0X)) falls in the range of [Ϫ60, 60] months. The treatment effects defined in equation (1) (0) is latent. In fact, for each respondent, one of these four variables is observed or selected, and the remaining three are unobserved or censored. This identification problem is highlighted using the Law of Iterated Expectations which shows that
where Z is the actual number of years a respondent's family received AFDC. Because each observation in the sample contains information on Y(Z), Z, and X, the sampling process identifies the selection probability P[Z ϭ t0X], the censoring probability P[Z t0X], and expectation of outcomes conditional on the outcome being observed
Thus, the sampling process reveals every term in the right side of equation (4) 
except E[Y(t)0X, Z t], the expectation of outcomes conditional on the outcome variable being censored. In the absence of prior information restricting the distributions of Y(t) and Z, observations with Z t reveal nothing about the latent outcome Y(t).
Thus, the sampling process does not identify the distribution of outcomes that would be observed if all households received AFDC for t periods.
IV. One Extreme: Estimates Assuming a Tobit Model with Exogenous Selection
To identify the intergenerational effects of growing up in an AFDC household, researchers rely on strong prior information restricting the distributions of observed and unobserved outcomes. Previous studies typically combine a parametric model with the assumption that parental receipt is exogenous. (See, for example, McLanahan (1988) , Gottschalk (1992) , An et al. (1993), and Pepper (1995) .) Using these assumptions along with intergenerational data, researchers have found consistent evidence that growing up in an AFDC household increases the probability that a daughter receives AFDC as a young adult. This section presents similar estimates using a Tobit model with the exogenous selection assumption.
The model begins by assuming that the number of months a daughter receives AFDC if her family participated for t years equals
Here, the vector B and the scalar t are unknown parameters, where t allows the intercept to differ with the time a family received AFDC, t. The coefficient vector B includes an 476 THE REVIEW OF ECONOMICS AND STATISTICS intercept term, and 0 is set equal to 0. In addition to a constant, the vector of observed covariates X includes a variable that indicates if the daughter is black, and a number of variables that characterize the daughter's socioeconomic status when aged twelve to sixteen. 8 Factors that affect the length of participation yet are unobserved by the researcher are included in the random variable, ⑀. In the Tobit model, the distribution of ⑀ given X is assumed to be normal with mean zero and unknown variance, 2 . These assumptions imply that
where,
Although equation (6) provides strong parametric information about the conditional expectation of the latent variable Y(t), the parameters B and t cannot be identified without additional assumptions. After all, the data cannot reveal Y(t) when Z t. The most common identifying assumption used in the literature is that parental receipt is exogenous (Moffitt, 1992) . 9 That is, unobserved factors affecting the welfare receipt of parents and their children are unrelated. Formally, the exogenous selection assumption implies that
Because E[Y(t)0X, Z ϭ t] is identified by the sampling process, equations (1) through (4) and (6) are also identified given exogenous selection. 10 In particular, equations (6) and (7) imply that
Maximum-likelihood estimation is used to derive consistent estimates of B, t and . Recall that the stratified sampling scheme used to create the PSID overrepresents the non-elderly, low-income minority population. Because throughout the paper I condition the analysis on the age, race, and family income of the respondent, this stratification scheme is effectively exogenous. Thus, I report unweighted estimators.
The coefficient estimates, along with the asymptotic standard errors, are presented in table 2. These estimates are similar to those found in the previous literature. The expected time that a daughter receives AFDC decreases with family income and increases with the number of children in the household. The proportion of time spent in a singleparent household also appears to have a positive effect, although the estimate is statistically insignificant. Also, the expected time receiving AFDC is higher for black daughters than it is for whites.
Most importantly, the estimates of t , which are provided for t ϭ 1 to 2 years, 3 to 4 years, and 5 years, suggest that growing up in a household that receives any AFDC has a large positive effect on the length of time a daughter receives aid. Furthermore, this effect does not differ with the length of time a family received AFDC, t. Growing up in a household that received AFDC for one to two years appears to have the same positive effect on the expected duration of a daughter's receipt as growing up in a household that received AFDC for five years. A test of the null that 51,26 ϭ 53,46 ϭ 556 supports this conclusion. Under the null hypothesis of no duration effects, the likelihood ratio statistic equals 0.07, substantially less than the conventional 10% critical value of 4.61.
Because the conditional expectation function in equation (8) is nonlinear in the parameters, the coefficient estimates of t presented in table 2 do not directly translate into estimates of the intergenerational effects defined in equation (1) through (3). Estimated intergenerational effects given this Tobit model specification are presented in table 8 and discussed in section VII. 8 Consistent with much of the past literature, the model specification does not allow for general interactions between the race of the respondent, the AFDC participation indicators, and the other covariates. Although some researchers (see Gottschalk (1992 Gottschalk ( , 1996 and McLanahan (1988)) have specified separate models for black and white cohorts, the convention in the literature has been to account for racial differences with a single indicator variable. (See, for example, Antel (1992) , An et al. (1993) , Zimmerman and Levine (1993), and Pepper (1995) .) These restricted models are supported by the data. In fact, using a classical hypothesis test, An et al. find no evidence of structural differences between the races. Likewise, I cannot reject the null hypothesis that coefficients on race interaction terms are all zero at the 1%-significance level. While this test might suggest that there are not important racial differences in the intergenerational transmission of welfare receipt, they also reflect the limitations of the data. Given the small number of white respondents who were exposed to AFDC as children, the data used in these intergenerational analyses are unable to precisely estimate more-general models. Estimates from a model with race interaction terms are available from the author.
9 Alternatively, researchers have relied on exclusion restrictions (see section VI) coupled with assumptions on distribution of the unobserved factors affecting the welfare participation of parents and their daughters. (See, for example, Antel (1992) , Levine and Zimmerman (1996) , and Gottschalk (1996) .) Using these assumptions, Antel and Gottschalk find that the intergenerational effects generally remain strong, while Levine and Zimmerman find that they tend to disappear. These empirical results, however, are sensitive to both the distributional (Arabmazar & Schmidt, 1982; Goldberger, 1983 ) and exclusion restriction assumptions.
10 Nonparametric estimates of equation (7) are reported in section VI. The Tobit model estimates suggest that growing up in an AFDC household increases the expected time that a daughter receives aid. These estimates, however, rely on strong unverifiable assumptions. In particular, this Tobit model restricts the functional relationships between the observed covariates X and the outcome variable Y(t) (equation (5)), confines the conditional distribution of ⑀ given X to be normal with mean zero and a homoskedastic variance, and assumes that parental receipt is exogenous (equation (7)). If any of these assumptions are incorrect (that is, if the parametric model is misspecified or if there exist unobserved factors that jointly determine the AFDC participation of parents and children), then these results should not support the conclusion that growing up in an AFDC household affects the distribution of time that a child receives AFDC.
Rather than relying on these strong identifying assumptions, a logical first step in examining intergenerational welfare participation is to ask what can be learned in the absence of any assumptions that are invoked to address the selection problem. Recall that, in the absence of prior information, equation (1) through (4) These no-information bounds on E[Y(t) 0 X ] and on P[Y(t) Ͼ r0X] are narrowest, and thus most informative, where censoring is the smallest. That is, if a large proportion of daughters grew up in households that received AFDC for t years (that is, P[Z ϭ t0X] is close to 1), then the width of the bound is relatively narrow. In the extreme, when all respondents grew up in households that received AFDC for t periods, the selection probability P[Z ϭ t0X] equals 1 and E[Y(t)0X] is identified. However, given the same covariates X, the data cannot reveal much information about the distribution of Y(tЈ): if P(Z ϭ t0X) is close to 1, then P(Z t0X) must be close to 0.
In practice, the probability that a daughter grew up in a household that received AFDC during t years is usually small, and, thus, the worst-case bounds are generally uninformative. Table 3 presents estimated selection probabilities (that is, the probability that a daughter grew up in a household that received AFDC for t years) for black daughters who grew up in single-parent households. 11 This probability ranges from 0. 
VI. The Middle Ground: Estimates with Alternative Assumptions
To derive useful inferences about the intergenerational transmission of welfare receipt, prior information must be utilized. However, the point estimates displayed in section IV remain suspect. In this section, I present estimates that rely on alternative, less-restrictive assumptions. After describing each assumption, nonparametric estimates of the treatment effects (equations (1) through (3)) are then presented. In total, four sets of assumptions and estimates are examined. The first restricts the ordering of outcomes, while the last three examine either the traditional instrumental vari-11 These selection probabilities are estimated using the nonparametric kernel estimator described in section VI. 12 The treatment effects (equations (1) through (3)) can also be bounded. The upper bound equals the difference between the upper bound on
. The lower bound for T i (tЈ, t 0 X) is determined similarly. Although these bounds do not sign the value of the treatment effect, they can reduce the range of possible values by as much as one-half. For example, when evaluating the difference in the expected duration of receipt (that is, T i (tЈ, t 0 X) in equation (1)), the width of this bound equals 60
, and must lie between 60 and 120. In the absence of data or prior information restricting the distributions of Y(t) and Y(tЈ), the width of the range of possible values of this treatment effect equals 120. Given, however, that P[Z t 0 X] is relatively high for all t, these bounds will generally be uninformative. Furthermore, even the most-informative bounds cannot identify the sign of the treatment effect, because a bound with a width of 60 must include zero. 
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THE REVIEW OF ECONOMICS AND STATISTICS able or exogenous selection assumptions. Each set of estimates measures the effect of growing up in a household that received AFDC for tЈ years versus zero years (t ϭ 0) on the expected duration of receipt, on the probability of receipt, and on the probability of receiving aid for over two years. Thus, in all cases, the effects described in equations (1) through (3) are measured relative to growing up in a household that did not receive AFDC.
A. Ordered Outcomes Assumption
A seemingly innocuous assumption is that the length of a daughter's participation, Y(t), is nondecreasing with the length of time her family received AFDC when she was aged twelve to sixteen. This ''ordered outcomes'' assumption is implied in the current political discourse and has been asserted by various scholars for nearly a century. Arguably, growing up in a household that received AFDC lowers the cost of future receipt relative to other alternatives. Moffitt (1983) and Blank and Ruggles (1993) , for example, have suggested that stigma and information costs deter welfare participation. These costs are likely to be lower for children exposed to parental welfare participation during the teenage years than for their counterparts growing up in non-AFDC households (Gottschalk, 1990; Antel, 1992; An et al., 1993) . Similarly, Gottschalk, and Antel argue that the long-term welfare use of parents reduces a family's connections to the labor market and thus increases the (search) cost of working. With relatively higher cost of finding employment and lower cost of receiving government assistance, daughters exposed to AFDC as children are more likely to receive AFDC as adults.
This ordered-outcomes hypothesis implies that the effect of growing up in an AFDC household on the distribution of time a daughter receives aid must be nonnegative for all tЈ Ͼ t. However, that hypothesis and the resulting estimates are inconsistent with the belief that AFDC enables some families and children to overcome the burdens of poverty. Certainly, those uncomfortable with this assertion can make plausible assumptions that lead to different conclusions. For example, one could argue that AFDC enables parents to spend more time with their teenage children or that parents make choices that are best for their children. 13 Given these assumptions, growing up in an AFDC household may actually decrease the duration of future receipt for some daughters.
Still, for those willing to accept this assumption, improvements can be made to the worst-case bounds described in section V. Formally, what ordered outcomes imply is
Observations where Z t may now be informative. For instance, ordered outcomes imply that daughters who grew up in households that received AFDC for more than t years (Z Ͼ t) would have at most spent the same amount of time receiving AFDC as young adults if their families were to have received aid for t years. Thus, the observed outcome Y(z) provides an upper bound for the unobserved outcome
Y(t). So, when Z Ͼ t, we know that E[Y(t)0X, Z] Յ E[Y(z)0X, Z] Յ 60. Because the data reveal the distribution of Y(z), the upper bound for the unidentified conditional expectation can be replaced by E[Y(z)0X, Z Ͼ t]. Similarly, when Z Ͻ t, the observed outcome Y(z) provides a lower bound for the unobserved outcome Y(t). Here, we know that E[Y(t)0X, Z ] Ն E[Y(z)0X, Z] Ն 0; thus, the lower bound of the unobserved expectation for these observations equals E[Y(z)0X, Z Ͻ t].
Given this ordered-outcomes assumption, the worst-case bounds for equation (4) can be replaced by the sharp bounds below (Manski, 1995 (Manski, , 1997 .
A similar reasoning can be used to place bounds on the
P[Y(t) Ͼ r0X]. In the presence of censoring, these bounds may be uninformative or they may identify E[Y(t)0X] or P[Y(t) Ͼ r0X]. For instance, the bounds presented in equation (10) are uninformative if E[Y(t)0X, Z Յ t] ϭ 0 and E[Y(t)0X, Z Ն t] ϭ 60. If, however, E[Y(t)0X, Z Ͻ t] ϭ 60 and E[Y(t)0X, Z Ͼ t] ϭ 0, then E[Y(t)0X] is identified. In contrast, the no-information bounds identify E[Y(t)0X] only if the censoring probability P[Z t0X] equals 0. Given sharp restrictions on E[Y(t)0X] and P[Y(t)
Ͼ r0X], bounds can also be placed on the intergenerational effects defined in equation (1) through (3). Intuitively, given the ordered-outcomes assumption, the lower bound on the treatment effect equals 0, while the upper bound equals the difference between the upper bound for the distribution of Y(tЈ) and the lower bound for the distribution of Y(t). These bounds are formally derived in appendix A.
Estimation:
The bounds for equations (1) through (3) at different values of X and t are estimated using a nonparametric kernel estimator. These data are first divided into race and marital status cells. In particular, the analysis focuses on the 310 black respondents who grew up in single-parent households. The five-year average total family income and the number of children in the household when the daughter was fourteen are treated as continuous covariates. Then, within race and marital status cells, kernel estimates of the probabilities and expectations conditional on family size and income are computed.
A kernel estimate is a weighted average of the observed variables Y(z) and Z conditional on covariates, where the weights are higher for observations that are ''close'' to the covariates of interest. I use the standard normal density as a 13 There is some empirical evidence that AFDC receipt during infancy may lower the likelihood of future welfare receipt. Currie and Cole (1993) , for example, find that AFDC receipt during the prenatal period has a positive effect on the birth weight of children. These findings, however, are not incompatible with this ordered-outcomes assumption, which is restricted to AFDC receipt during the early teenage years.
THE INTERGENERATIONAL TRANSMISSION OF WELFARE RECEIPT
kernel, or weighting function, while the measure of closeness, or bandwidth, equals $9,000 for income and 1.0 for the number of children. 14 Thus, when estimating the bounds at a given income level L and number of children C, the weight given to the i th observation (
where (·) is the standard normal density function. Notice that this kernel gives positive weight to all 310 observations.
Estimates are computed at every $1,000 interval of income from $6,000 to $25,000, and every family size from one to seven children. For ease of presentation, the tables present an aggregated set of estimates by averaging the raw estimates over the respondents that fall within $5,000 intervals and for households with one to three and four to seven children. Because these data come from a stratified sample, I use the 1968 PSID sampling weights to average over respondents who fall within the broad categories.
Bootstrapped confidence intervals are provided for each kernel estimate (Hardle, 1990 , section 4.3). The first step in reporting these confidence intervals is to create a bootstrapped distribution of the upper and lower bounds. Suppose that, for a given set of discrete covariates, a sample has K (that is, 310) observations. From the empirical distribution of Y and Z, one randomly draws with replacement a sample of K pseudo observations, and nonparametrically estimates upper and lower bounds using these observations. This procedure is repeated 200 times to create a bootstrapped distribution of the estimates. Various quantiles of this distribution can then be reported. Below, I present the 0.05 quantile of the bootstrapped distribution of the lower bound and the 0.95 quantile of the bootstrapped distribution of the upper bound. This interval defines a conservative 90%-confidence interval for the bound estimate.
Results: Estimated bounds for the treatment effects (equations (1) through (3)) given the ordered-outcomes assumption are displayed in table 4. As described above, these estimates measure the effect of growing up in a household that received AFDC for tЈ years versus zero years (t ϭ 0) on the expected duration of receipt, on the probability of receipt, and on the probability of receiving aid for over two years. Table 4 displays the upper-bound estimate and the respective 0.95 quantile. By assumption, the lower bound equals 0 in all cases. (See appendix A.) Table 4 reveals that the bounds narrow as tЈ falls. For example, the upper-bound estimates for the effect on the expectation range from a low of around 27 months when tЈ ϭ 51, 26 to a high of nearly fifty months when tЈ ϭ 5. Similarly, the upper-bound estimates for the effect on the probability of receipt and the probability of chronic receipt (that is, over 24 months) range from approximately 0.55 to 0.80 as tЈ moves from 51, 26 to five years.
This result occurs because, as tЈ increases, observations with censored outcomes become less informative. Recall that the upper bound for the mean treatment effect (equation (1)) 
is derived by differencing the lower bound for E[Y(0)0X] from the upper bound for E[Y(tЈ)0X]. When evaluating the upper bound for E[Y(tЈ)0X]
given ordered outcomes, only observations with Z Ն tЈ are informative. We know that, when Z Ͼ tЈ, the observed outcome Y(z) provides an upper bound for the unobserved outcome Y(tЈ). However, daughters who grew up in households that received AFDC for less than tЈ years, could have spent as many as sixty months receiving AFDC as young adults if their parents had received aid for tЈ years. Thus, observations with Z Ͻ tЈ remain uninformative. As tЈ increases, the proportion of uninformative observations (that is, P[Z Ͻ tЈ0X]) rises, causing the upper bounds of the treatment effect to increase. In fact, for the case in which tЈ ϭ 5, all of the observations with censored outcome variables are uninformative, and the upper bound given the ordered outcomes assumption equals the upper bound derived using no information at all.
Across all values of tЈ, the results in table 4 are consistent with several interpretations. As suggested by the parametric estimates derived in section IV, it may be that growing up in a household that received AFDC during tЈ years substantially increases the expected length of receipt as well as the probability of future receipt and dependence (that is, over two years). Alternatively, since the lower bound equals zero in all cases, being exposed to AFDC as a child may have no effect on the distribution of time spent receiving welfare as an adult.
Despite this ambiguity, these bounds eliminate extreme inferences, and in certain cases narrow the range of possible values of the treatment effect by as much as 75%. In the absence of data and assumptions, the possible values for the effect on the expected duration range from [Ϫ60, 60] months and the effect on the probabilities ranges from [Ϫ1, 1]. The ordered outcomes assumption cuts the range in half, to [0, 60] months for the expected duration and to [0, 1] for the probability of future receipt. Then, given data, the range of possible values is narrowed even further. For example, when evaluating the effect of growing up in a household that received AFDC during one to two years, the upper bound falls to around thirty months for the expectation and to around 0.55 for the probabilities of participation and long-term receipt.
B. Instrumental-Variable Assumption
Although often asserted, the ordered outcomes assumption has never been applied in empirical analyses. In contrast, researchers commonly rely on instrumental variables to help identify the effects defined in equations (1) through (3). For example, Antel (1992) , Moffitt (1992) , and 14 Nonparametric estimation requires the researcher to choose both the kernel and bandwidth. The gaussian kernel is chosen for computational ease, and the bandwidths were subjectively selected using the crossvalidation method as a guide. Although the results are derived by using bandwidths of 9,000 and 1 respectively, sensitivity tests reveal that the quantitative results are only slightly affected by reasonable changes in the bandwidths and that the qualitative conclusions remain unchanged. See Hardle (1990) for a more detailed description of nonparametric estimators.
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THE REVIEW OF ECONOMICS AND STATISTICS Levine and Zimmerman (1996) all argue that the variation in local labor market conditions faced by parents does not affect the distribution of time that a child receives aid, Y(t), but does affect the probability that parents participate, P [Z0X] . Similarly, I assume that the unemployment rate for the county of residence when the daughter was aged twelve is an instrumental variable, V. For those willing to accept this assumption, improvements can be made to the no-assumption bounds. By the instrumental-variable assumption, the conditional expectation of the latent outcome variable Y(t) does not vary across values of the instrument V.
Formally, let E[Y(t)0X, V] ϭ E[Y(t)0X]. This exclusion restriction allows one to replace the worst-case bounds for E[Y(t)0X
] with the intersection of these bounds across the values of the instrumental variable. (Manski, 1995; Manski & Pepper, 2000) . That is,
Recall that the unemployment rate measure is aggregated into five mutually exclusive and exhaustive categories. Thus, the bound in equation (11) Notice that, in the presence of censoring, this instrumentalvariable bound is uninformative if the no-assumption bounds do not vary with the instrumental variable V, while it identifies the conditional expectation of the latent variable if the intersection in equation (11) is a point. Thus, in this nonparametric framework, an instrumental variable is ''weak'' if it has little identifying power in that the bound in equation (11) barely improves on the no-assumptions bounds. 15 These instrumental-variable restrictions can be used to narrow the no-assumption bounds for the treatment effects (equation (1) the sign of the intergenerational effect. For example, the estimated effect of a family receiving AFDC for five years on the probability that a child receives aid falls in the range [Ϫ0. 49, 0.71] for daughters who grew up in low-income families with four to seven children. This result does not imply that there is a greater chance that the effect is positive. Rather, the effect of growing up in an AFDC household on the probability of future AFDC receipt lies somewhere within the estimated range: it may be negative or positive.
Still, this relatively weak assumption and these data reduce the range of possible values of the effect of growing up in an AFDC household. While the lower bound is always negative, in certain cases it is close to zero. For daughters who grew up in low-income households with one to three children, for instance, the estimated effect of receiving AFDC for five years on the expected duration of receipt falls in the range of [Ϫ2.3, 43.0] months, while the effect on the probability of receiving AFDC for over two years falls within [Ϫ0. 01, 0.74] . Although in these cases the sign of the effect remains indeterminate, the estimated lower bound is close to zero. Thus, those comfortable with this instrumentalvariable assumption learn that, for some cohorts, the effect of growing up in an AFDC household on the distribution of time that a daughter receives AFDC is either negligible or substantially positive.
C. Instrumental-Variable and Ordered Outcomes (IO) Assumptions
Those willing to make both the instrumental-variable and ordered outcomes assumptions-hereafter called the IO assumption-can narrow the bounds even further. Combining both assumptions allows one to replace the ordered outcomes bound in equation (10) with the intersection of those bounds across all values of the instrumental variable. Table 6 displays the estimated bounds using this joint assumption. Here, the bounds are much narrower than those derived by either using the instrumental-variable or the ordered outcomes assumptions. For instance, given this joint assumption, the width of estimated values for the effect of growing up in an AFDC household on the expected duration of receipt varies between seventeen months and thirty months. Thus, for those willing to accept the IO assumption, the range of debate about the intergenerational effects of growing up in an AFDC household on the expected duration of future welfare receipt is confined to a one-to two-year period, depending on the subpopulations of interest. In contrast, the bounds derived under either the ordered outcomes or instrumental-variable assumptions have widths ranging from nearly thirty months to over 75 months. 
Results:
T(tЈ, 0) ϭ E(Y(tЈ) 0 X) Ϫ E(Y(0) 0 X) (Expected Duration) P(Y(tЈ) Ͼ 0 0 X) Ϫ P(Y(0) Ͼ 0 0 X) (Probability of Receipt) P(Y(tЈ) Ͼ 24 0 X) Ϫ P(Y(0) Ͼ 24 0 X) (
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In addition to being more precise, these estimates are positive and are often substantial. Growing up in a household that receives AFDC for at least three years appears to substantially increase the time that a daughter receives aid. For example, for daughters who grew up in low-income families with one to three children, the estimated effect of being exposed to AFDC for five years on the expected duration of receipt is at least 22.6 months, reflecting a 426% increase over growing up in a non-AFDC household. For this same cohort, the probability of receiving AFDC increases by at least 0.33 (127%), and the probability of becoming a chronic recipient (that is, over two years) increases by at least 0.45 (600%). Thus, those willing to accept the IO assumption learn that the effect of growing up in a ''chronic welfare household'' on the duration of future welfare receipt is positive and substantial.
D. Exogenous Selection
Most analyses of intergenerational welfare participation assume that unobserved factors affecting the AFDC receipt of parents and their children are unrelated (Moffitt, 1992) . In section IV, this exogenous selection assumption (equation (7)) was combined with a parametric model to identify the effects of growing up in an AFDC household. Here, I examine the implications of assuming only that the duration of parental receipt is exogenous. Recall that the exogenous selection assumption in equation (7) 
Thus, without any additional restrictions (such as, equation (6)), the exogenous selection assumption identifies the intergenerational effect of growing up in an AFDC household.
Results: Nonparametric estimates derived given the exogenous selection assumption are displayed in table 7. Unlike the Tobit model results (table 2), these estimates do not always decline as the number of children falls and as family income increases. In certain cases, these nonparametric estimates suggest that the effect for daughters growing up households with four to seven children may be less than that for those in households with one to three children. For instance, for those who grew up in single-parent, lowincome households with less than four children, being exposed to AFDC for three to four years increases the expected time that a daughter receives AFDC by 21.3 months, from 4.8 months to 26.0 months. For their counterparts growing up in large households, receiving AFDC for three to four years during childhood increases the expected duration of future receipt by 13.9 months, from 6.5 months to 20.4 months. 
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Regardless of family size, these nonparametric estimates imply that growing up in a household that received any AFDC has a large positive effect on the expected amount of time that a daughter receives aid. In addition, growing up in an AFDC household increases both the probability of participating and the probability of participating for over two years. Similar to past studies, the results in table 7 suggest that, relative to growing up in a non-AFDC household, being exposed to AFDC during the early teenage years increases the probability of future receipt by as much as 100% Gottschalk, 1992; McLanahan, 1988) . For example, for daughters growing up in small, low-income households, the probability of receiving AFDC increases 0.23, from 0.26 if the parents did not receive aid to 0.49 if the parents receive aid for all five years. The effect on the probability of receiving AFDC for over two years is even more extreme, resulting in an estimated increase of between 100% to nearly 700%. Again, for daughters growing up in small, low-income households, the probability of receiving AFDC for at least two years increases 0.37, from 0.05 if she grows up in a non-AFDC household to 0.42 if she is exposed to AFDC for all five years. Seemingly, growing up in an AFDC household substantially increases the probability of long-term participation, especially for daughters who receive aid as young adults. For daughters who grew up in non-AFDC homes, the probability of receiving AFDC for over two years conditional on having received aid ranges from 0.20 to 0.50. In contrast, for respondents who both received aid as young adults and were exposed to AFDC as children, this conditional probability ranges from 0.64 to 0.90.
These estimates rely on the strong and perhaps implausible exogenous selection assumption. For those who accept the assumption, the estimates provide disturbing insights into the effects of growing up in an AFDC household. Apparently, receiving any AFDC today induces both increased welfare participation and dependence by the next generation. For those who reject this exogenous selection hypothesis, the estimates still suggest that daughters who grew up in AFDC households are more likely to both receive and spend long periods collecting welfare than their counterparts who grew up in non-AFDC homes. These results, however, may simply by an artifact of unobserved factors that jointly cause both parents and daughters to receive aid.
VII. Consistency of the Estimates
The alternative models and estimates presented in sections IV through VI reflect the identifying power of the various assumptions. Another related function of the bounds is to test hypotheses restricting the joint distribution of Y (t) and Z. A model should be rejected if, for any value of X, the Still, by comparing estimates derived under various assumptions, we can test the joint hypothesis that these assumptions are valid. In particular, point estimates made under the exogenous selection assumption can be compared to the estimates made under alternative assumptions. Separately, the exogenous selection (equation (7)) and ordered outcomes (equation (9)) assumptions cannot be empirically refuted. Given the selection problem, censored data cannot reveal if outcomes are ordered or if parental receipt is exogenous. 16 However, if the estimates derived under these different information sets do not overlap, then at least one of the maintained assumptions may be invalid.
A number of the nonparametric estimates derived under exogenous selection lie outside the estimated bounds derived using either the ordered outcomes or joint IO assumption. In table 7, the ''exogenous selection estimates'' in bold print violate the ordered outcomes assumption, while the shaded figures are inconsistent with the estimates derived given the joint IO assumption. In total, nineteen of the 72 cases violate the ordered outcomes assumption, and sixteen lie below the bounds derived under the IO assumption. The magnitudes of these inconsistencies, however, are generally small, and the 90%-confidence intervals overlap in all cases. Table 8 displays the analogous estimates from the Tobit model presented in section IV. Here, the expected duration of welfare receipt for a particular subsample defined by X is estimated using the sample analog to equation (8), evaluated using the characteristics of the subpopulation of interest. Because this paper focuses on black daughters who grew up in single-parent households of various sizes and incomes, we are interested in learning
Consistent estimates of the conditional expectation in equation (8Ј) are obtained by replacing the unknown parameters B and t with the estimates presented in table 2. Given the parametric specification, consistent estimates for other subpopulations (such as white daughters who grew up in intact households) can be computed similarly.
Many of the Tobit model estimates in table 8 are also inconsistent with the bounds. Twenty-four of the 72 estimates violate the ordered outcomes assumption, while 28 lie below the bounds derived using the joint IO assumption. These violations are often substantial, although in all cases the 90%-confidence intervals overlap. For example, the Tobit model estimate of the effect of growing up in a household that received AFDC for five years on the expected duration of receipt equals 8.7 months for daughters who grew up in low-income households with fewer than three children. The corresponding lower bound derived using the IO assumption is 22.6 months. Here, the 0.95 quantile of the parametric model estimate of 13.8 months lies slightly above the 0.05 quantile of the bootstrapped distribution of the lower bound. Thus, these results alone do not prove that the Tobit model or the alternative nonparametric models are incorrect. Still, these substantial inconsistencies suggest that at least one of the assumptions-ordered outcomes, instrumental variable, parametric model, and exogenous selection-may be invalid.
The parametric specification can be further evaluated by comparing the Tobit and nonparametric model estimates found under the exogenous selection assumption. Nonparametric models provide a less restrictive alternative. Maintaining the assumption of exogenous selection, the nonparametric model assumes only that the conditional distributions of Y(t) and Z given X vary continuously with X. Thus, to the extent that two estimates differ, the parametric model may be misspecified.
The qualitative conclusions found given the exogenous selection assumption remain consistent across the two models. In particular, the nonparametric estimates displayed in table 7 and the Tobit model estimates in table 8 are all positive and substantial, suggesting that growing up in an AFDC household increases the expected time a daughter will receive AFDC as an adult.
However, tables 7 and 8 reveal substantial differences between both the slopes and the magnitudes of these two sets of estimates. As described in section VI, the nonparametric results do not monotonically decline with income and increase with family size. Furthermore, in many instances, the Tobit model estimates appear to be biased downward. For the estimated effects on the expected duration of receipt and on the probability of chronic receipt, the nonparametric results exceed the Tobit model analogs in all but a few cases. In many cases, these differences are substantial.
If the exogenous selection assumption is incorrect, these inconsistencies carry no implications for the validity of the parametric form. However, under the hypothesis that the exogenous selection assumption is correct, these systematic differences suggest that the basic Tobit model may be misspecified.
In fact, there appear to be interactions in the conditional distribution that are not appropriately accounted for by the parametric specification of the Tobit model evaluated in section IV. Consistent with much of the past literature, the model uses a single indicator variable to account for the race of the respondent. If modified to allow for interactions between the race of the respondent and all other variables, the Tobit model results are much more consistent with the nonparametric estimates displayed in table 7. Apparently, the discrepancies between these models reflect the way in which race and the other covariates enter the parametric specification.
Still, the restricted specification evaluated in section IV is arguably a valid and interesting model to compare to the nonparametric alternative. The more-general parametric specification is neither the norm in the literature nor is it supported by the data. 17 Only ex post, after evaluating the nonparametric estimates are these sharp and systematic differences clearly revealed. Furthermore, parsimonious specifications lead to powerful tests between the parametric and nonparametric models. The nonparametric estimates are completely flexible, effectively allowing for interactions between all of the covariates. As the parametric specification becomes increasingly general, the estimates will converge to the nonparametric alternatives.
VIII. Conclusions
The long-standing debate regarding the intergenerational effects of growing up in a household that received welfare can be informed by empirical analysis. In fact, by combining parametric latent variable models with other identifying assumptions, a number of recent studies have drawn strong conclusions about these intergenerational effects. Being exposed to AFDC as a child increases the probability of receipt as an adult.
Invariably, however, these analyses are controversial with much debate about the validity of the maintained assumptions. For those who believe in the identifying assumptions, the corresponding results follow. For those who do not believe in the assumptions, the results are uninformative. The inferences that can be drawn depend upon the assumptions that one is willing to impose. The analysis in section VII, for instance, highlights substantial inconsistencies between the estimates derived using a conventional parametric model and those that rely on the less-restrictive, nonparametric alternatives. Apparently, either the exogenous selection assumption is invalid or the simple parametric form used in section IV is misspecified, failing to properly account for differences between the races.
Explicitly recognizing the ambiguity created by the selection problem, this analysis presents alternative estimates that rely on a number of weaker and arguably more-credible assumptions. These assumptions and the resulting estimates do not exhaust all of the possibilities. Rather, the assumptions used are motivated by the prevailing 17 Under the parametric model, as discussed in section IV (see footnote 8), I accept the null hypothesis that the coefficients on the race interaction variables are all zero. With only 31 white respondents in the sample growing up in AFDC households, these interaction coefficient estimates are too imprecise to draw precise inferences. 
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THE REVIEW OF ECONOMICS AND STATISTICS political discourse, social theories, and empirical conventions. For those who accept any of these commonplace hypotheses, the corresponding estimates apply. Table 9 summarizes a set of these estimates for the effects of growing up in a household that received AFDC for three to four years. The nonparametric bounds clearly reveal the limits of what can be learned under alternative identifying assumptions. The data reveal little in the absence of assumptions invoked to address the selection problem. For instance, without a priori information, the estimated effect of growing up in a household that received AFDC for 53, 46 years as opposed to zero years on the expected duration of receipt lies between [Ϫ43.2, 48.0] months for daughters who grew up in large, low-income households. However, if it is known that outcomes are ordered or that the local unemployment rate is an instrumental variable, these bounds can be narrowed. The bound under the ordered outcomes assumption is [0, 35.8] months and under the instrumental variable assumption is [Ϫ33.3, 44.5] months. The range of possible values is narrowed further to [4.6, 32.0] months if one is willing to utilize both assumptions and if the length of time parents receive AFDC is known to be exogenous, the estimated effect equals 13.9 months.
While many of these assumptions fail to identify the intergenerational effects, the estimated bounds are informative. For those willing only to invoke either the instrumentalvariable or the ordered outcomes assumptions, the inferences that can be drawn are much less certain than in the conventional literature. Here, the results are consistent with the notion that growing up in a household that receives welfare substantially increase the likelihood of future welfare dependence, but the results are also consistent with the interpretation that the effect is negligible or even, in certain cases, substantially negative. Still, these estimated bounds rule out extreme positions, and thus confine any debate to lie within a relatively narrow range.
For those comfortable with either the exogenous selection or joint IO assumptions, the resulting nonparametric estimates confirm a disturbing picture of the intergenerational effects of growing up in a household that received AFDC. A teenager exposed to welfare is more likely to receive and become dependent upon government assistance. It is important to keep in mind, however, that these conclusions rest in part on the assumptions imposed. The data alone cannot be conclusive.
